Given prior reports of adverse effects of cannabis use on working memory, an executive function with a protracted developmental course during adolescence, we examined associations between developmental patterns of cannabis use and adult working memory (WM) processes. Seventy-five adults with longitudinal assessments of cannabis use (60 with reported use, 15 with no reported use) and prenatal drug exposure assessment completed a spatial WM task during fMRI at age 28. All subjects passed a multi-drug urine screen on the day of testing and denied recreational drug use in the past week. A fast event-related design with partial trials was used to separate the BOLD response associated with encoding, maintenance, and retrieval periods of the WM task. Behavioral results showed that subjects who began using cannabis earlier in adolescence had longer reaction times (RT) than those with later initiation. Cannabis age of onset was further associated with reduced posterior parietal cortex (PPC) encoding BOLD activation, which significantly mediated age of onset WM RT associations. However, cannabis age of onset brain-behavior associations did not differ between groups with a single reported use and those with repeated use, suggesting age of onset effects may reflect substance use risk characteristics rather than a developmentally-timed cannabis exposure effect. Within repeated cannabis users, greater levels of total cannabis use were associated with performance-related increases in dorsolateral prefrontal cortex (DLPFC) activation during maintenance. This pattern of significant results remained unchanged with inclusion of demographic and prenatal measures as covariates. Surprisingly, however, at the group level, cannabis users generally performed better than participants who reported never using cannabis (faster RT, higher accuracy). We extend previous investigations by identifying that WM associations with cannabis age of onset may be primary to PPC stimulus encoding activity, while the amount of cannabis use is associated with DLPFC maintenance processes. Poorer performance of participants who reported never using cannabis and the consistency of cannabis age of onset associations across single and repeated users limit interpretation of direct developmental effects of cannabis on WM in adulthood.
Introduction
Marijuana and other forms of cannabis are the most widely used illicit drugs in the United States (Johnston et al, 2010) . The first onset of cannabis use is typically during adolescence (Johnston et al., 2010) , a period of normative functional brain development and the refinement of cognitive functions (Luna et al., 2010) . However, the impact of adolescent cannabis exposure on brain systems supporting adult cognitive functioning remains largely unknown.
Cannabis use has been associated with deficits in working memory (WM), a core component of executive function that continues to develop through adolescence into adulthood (Luna et al., 2004) . Dose-dependent effects of acute cannabis exposure have been associated with accuracy in delayed match to sample tasks (Lane et al., 2005) and regular cannabis users have been shown to make more spatial WM errors than non-regular users in the Cambridge Neuropsychological Test Automated Battery (CANTAB; Robbins et al., 1994; Harvey et al., 2007) .
While the exact mechanisms of cannabis-induced cognitive impairment are still unknown, behavioral pharmacology indicates Δ 9 THC (tetrahydrocannabinol), the primary psychoactive component of cannabis, induces memory impairments (Mallet and Beninger, 1998; Varvel et al., 2001) . THC is a partial CB 1 receptor agonist and THCinduced memory impairments are reversed by CB 1 receptor antagonists (Mallet and Beninger, 1998; Varvel et al., 2001) . CB 1 receptors are highly expressed in several subcortical brain regions, including the cerebellum and basal ganglia (Herkenham et al., 1990) , as well as cortical association areas (Tsou et al., 1998) . Importantly, subcortical regions (Giedd et al., 1996) and lateral prefrontal (Ordaz et al., 2013) and posterior parietal cortices (PPC) (Olesen et al., 2003 ) undergo significant maturation during adolescence. Recent work has also shown CB 1 levels in primate dorsolateral prefrontal cortex (DLPFC) continue to mature through adolescence (Eggan et al., 2009) . Given changes in the endocannabinoid system in developmentally sensitive regions, including the DLPFC and PPC, adolescents may be particularly sensitive to the effects of cannabis on WM and/or other executive functions that rely on WM. To this end, initial research has provided support for an association between early cannabis initiation and later cognitive differences, with studies demonstrating both domaingeneral (e.g., IQ) and domain-specific (e.g., visual attention) effects. For example, early cannabis initiation (e.g., prior to 17-years-old) (Pope et al., 2003) , as well as persistent cannabis use in adolescence (Meier et al., 2012) , has been associated with lower adult IQ. However, other work suggests the effect of cannabis age of onset, as a continuous variable (Ehrenreich et al., 1999) , or when comparing those who initiated prior to and following 16-years-old (Becker et al., 2010) , may be specific to increased response times but not accuracy measures in executive function tasks. Increased response times may be due to primary differences in cognitive processing speed (Varma et al., 1988) or visual attention (Ehrenreich et al., 1999; Jacobsen et al., 2004) that are associated with adolescent cannabis onset.
Previous fMRI studies have shown associations between early cannabis onset and BOLD activation in key regions of executive function and WM, including DLPFC (Chang et al., 2006; Tapert et al., 2007) , PPC (Becker et al., 2010; Schweinsburg et al., 2008; Tapert et al., 2007) , and anterior cingulate cortex (Gruber et al., 2012) . However, previous investigations have examined cannabis associations in the context of a general-process WM activation, where the BOLD signal is not specific to different periods of the task (cue, delay, response) and therefore not representative of subprocesses of WM (encoding, maintenance, retrieval). Moreover, no studies have examined brain-behavior relationships in the context of cannabis age of onset BOLD activation differences. Together, these limitations make it difficult to assess whether observed BOLD differences support domain-general or domain-specific age of onset cognitive associations and whether reported BOLD activation differences are relevant to behavior.
An additional complexity of examining cannabis age of onset effects arises from the association between age of onset and cumulative cannabis exposure, where those with early initiation accumulate greater total cannabis use (cf., Ehrenreich et al., 1999) . Total cannabis use has been shown to predict cognitive performance (Solowij et al., 2002) and may thus partially explain previously reported cannabis age of onset WM associations. However, an exposure effect of early cannabis use predicts cannabis age of onset associations to be dose-dependent, where any lasting effect of early use would be larger for those adolescents who consume greater amounts of cannabis. The absence of dose-dependent age of onset effects might suggest differences attributed to early cannabis use are driven by baseline differences in neurocognitive function (cf., Jackson et al., 2016) .
The primary aim of the present study was to characterize the association between adolescent cannabis use and brain systems supporting WM in adulthood. Importantly, utilizing a sample with longitudinal cannabis use assessments, we examined associations of cannabis age of onset and total cannabis usage with WM performance and investigated how these are associated with distinct patterns of cortical engagement during WM encoding, maintenance, and retrieval. Further, through comparisons with non-users we examined the extent to which observed cannabis associations supported poorer neurocognitive outcomes in adulthood. Consistent with the reviewed literature (cf., Ehrenreich et al., 1999; Becker et al., 2010) , we hypothesized cannabis age of onset would be associated with WM reaction time, while total cannabis use would be associated with a more general decrease in WM performance. We also hypothesized cannabis effects would be observed in developmentally sensitive, DLPFC and PPC regions associated with WM performance. However, to fully characterize cannabis use associations and WM brainbehavior relationships, we performed full-brain analyses.
Methods and materials

Participants
Participants were drawn from the Maternal Health Practices and Child Development Project (MHPCD), a longitudinal, prospective cohort study of the effects of prenatal drug exposure on children from low-income families in Pittsburgh, PA (cf., Day et al., 1994) . From this larger cohort, 86 subjects were eligible based upon exclusion criteria and consented (see below) and 75 subjects successfully completed neuroimaging protocols at age 28. Reasons for unsuccessful neuroimaging protocols were claustrophobia during acquisition (n ¼ 3), follow-up report of metal in the body (n ¼ 1), positive pregnancy test (n ¼ 1), THC positive urine screen on the day of neuroimaging (n ¼ 2), current psychiatric medication (n ¼ 2), and non-compliance (n ¼ 2). Study exclusion criteria included childhood (age 10) IQ scores below 80, current psychiatric disorder (assessed with the Mini International Neuropsychiatric Interview; Sheehan et al., 1998) or current psychiatric medication, past head injury with loss of consciousness, and MRI contraindications, including pregnancy, claustrophobia, and non-removable metal in the body. One subject only completed three of four fMRI runs and was consequently excluded from fMRI analysis. The Institutional Review Board at the University of Pittsburgh approved this study.
Measures
Cannabis use
The MHCPD substance use assessment procedure (detailed in Day et al., 2006; Goldschmidt et al, 2012) was designed to maximize honest and accurate substance use self-report. Cannabis use was assessed at previous assessment phases at 14-, 16-, and 22-years-old , and at the time of testing (28-years-old). At each visit, cannabis age of onset was obtained ("How old were you when you first tried marijuana?"). Quantity of cannabis use was assessed through self-report of the usual dose over the past year at each assessment phase. As in previous work from the MHCPD (Day et al., 1991; Sonon et al., 2015) , all consumption was converted to a dose of marijuana joints based on THC estimates from previous literature (Gold, 1989) . For example, reported hashish dose was counted as equivalent to three joints of marijuana; a blunt of was counted as four joints. Frequency of the usual quantity of use was also obtained over the past year at each assessment phase (every day, 3-4 times per week, 1-2 times per week, once per month, 6-11 times per year, 1-5 times per year, no use). As in previous work from the MHCPD, our primary dosage estimate combined frequency and quantity measures (the product of average frequency and quantity) to create an average daily dose of cannabis (joints per day) for each assessment period.
Based on age of onset and total cannabis use measures, subjects were distributed across three groups (Table 1) : non-users (NU, n ¼ 15), those who did not report cannabis use at any time point, cannabis experimenters (EXP, n ¼ 14), those who reported an age of cannabis initiation but no other cannabis use, and repeated cannabis users (REP, n ¼ 46), those who reported initiation and any additional cannabis use. No subjects reported use without age of initiation. If subject report of cannabis age of onset differed between assessment periods, the cannabis age of onset from the earliest assessment period was used, as it was more proximal to the onset time.
In statistical analysis, cannabis age of onset was examined as a continuous variable within both cannabis groups (EXP and REP). Total cannabis use, measured as the sum of joints per day across assessments (14-, 16-, 22-, 28-years-old) and conceptualized as a general measure of cannabis use severity, was examined only in those with a reported cannabis dose (REP). Total cannabis use measures were log transformed to reduce the impact of the few high dose participants, evident in the strong positive skew of the total cannabis use distribution (Supplemental Fig. S1 ). On the day of testing, all subjects included in the current analysis (N ¼ 75) denied recreational drug use of any kind during the past week and had a negative multi-drug urine screen (Uritox Medical, Toledo, OH, THC Threshold 50 ng/ml). Accordingly, we consider all subjects abstinent at testing (no recent use).
Demographics and participant characteristics
As detailed in previous work (Day et al., 1994 (Day et al., , 2006 , extensive participant demographics and characteristics were collected as part of MHCPD assessments. In the current work, we included measures associated with cannabis use risk in previous work in the MHCPD (e.g., Day et al., 2006) and other studies of adolescent cannabis use (e.g., Pope et al., 2003 ) (see Table 1 ). Measures examined as potential covariates included socioeconomic status (highest level of education, family income), IQ (WISC-III Full Scale; Wechsler, 1991) , other substance use (alcohol and cigarette use), and prenatal drug exposure (cannabis, alcohol, and cigarette). In cases where measures were available from multiple assessment phases (e.g., IQ, family income), we selected the measure that was closest to the year of neuroimaging testing (age 28). For Note. p-value, pairwise significant and trending differences (p < .10) from Welch's unequal variance t-test (continuous variables), Mann-Whitney U (substance use measures), or Fisher's exact test (categorical variables). Other drug use (at any visit) and cannabis and cigarette use within the year of testing were dichotomized into use and non-use groups, as they were relatively uncommon in the sample. a A total of 14 subjects reported drug use other than cannabis, alcohol, or cigarettes at any visit, including cocaine, LSD, and recreational use of prescription drugs. One subject reported other drug use in the last year (recreational use of opioid pain medication). b Prenatal measures were collected longitudinally across three assessment periods (1 per trimester) and summed to create total exposure measures. Tervo-Clemmens et al. NeuroImage 169 (2018) 496-509 five subjects, the most recent IQ measurement (age 14) was missing but age 10 IQ scores were available for these subjects. Similarly, for seven subjects, the most recent family income data (age 16) were missing but age 10 family income data was available for these subjects. In both cases, data from these earlier assessments were included and adjusted based on regression models predicting the most recent assessment from the rest of the cohort and used in covariate models (IQ, Standford-Binet Intelligence Scale 4th Edition (Thorndike et al., 1986 ) age 10 predicting WISC at age 14, B ¼ .986, t ¼ 8.87, p < .0001; family income at age 10 predicting family income at age 16 (n ¼ 7), B ¼ .848, t ¼ 8.68, p < .0001).
fMRI task design
Across four fMRI runs, participants performed 96 full trials of a Sternberg type spatial working memory task (see Fig. 1 ) with a 2 (load) x 2 (delay length) x 2 (cue validity) factorial design. The task included three epochs: a cue (encoding) epoch (1.5s) where subjects were shown to-be-remembered stimuli (one or three spatial locations), a delay (maintenance) epoch, where subjects maintained information (1.5 or 6s), and a target (retrieval) epoch, where subjects had to retrieve information and respond to whether a probe (four spatial locations) matched any of the cued information (<3s). An additional 48 partial trials with either the cue epoch alone (n ¼ 24) or the cue and delay epochs but not the target epoch (n ¼ 24) were included in order to estimate the hemodynamic response for each epoch (Ollinger et al., 2001) . The task utilized a mixed block/event-related fMRI design with interleaved task blocks (102s) and fixation only periods (12s). Inter-trial intervals within task blocks were pseudo-randomized and ranged from 1.5s to 5.5s.
fMRI data acquisition
Stimuli were presented onto a screen behind the scanner using EPrime software (Psychology Software Tools, Inc., Pittsburgh, PA) and were visible to the subject through a mirror mounted to the head coil. Reaction time in the working memory task was recorded as the time in milliseconds from the probe display (four yellow circles) to response (button press on MRI safe button box). Trials were marked correct if the button response (Pointer Finger ¼ yes/match; Middle Finger ¼ no/no match; right hand glove) correctly indicated whether or not one of the probes occupied a previously cued location. If no response was given after 3000 ms, the trial was "timed-out" and marked as an omission error.
Imaging data were collected using a 3.0-T Siemens Magnetom TIM Trio (Erlangen, Germany) at the Magnetic Resonance Research Center at the University of Pittsburgh. Structural images were collected using a magnetization prepared rapid acquistion gradient-echo (MP-rage) pulse sequence with a 192 slices (1 mm slice thickness; 1 mm isotropic voxels). Functional data were collected using an echo-planar imaging (EPI) sequence with the following parameters: TR ¼ 2.0s,TE ¼ 20ms, Flip Angle ¼ 80
, and 128 Â 120 acquisition matrix with a field of view of 220 mm. Thirty-three slices were collected in the axial plane with an anisotropic voxel size of 1.72 mm Â 1.72 mm Â 3 mm and a .75 mm gap between slices. Standard techniques were used to preprocess the functional data and used the same pipeline as previous work from our group (cf., Paulsen et al., 2015) . This included wavelet despiking, slice timing correction, motion correction (mcflirt; Jenkinson et al., 2002) , brain extraction, non-linear registration of functional data to a standardized anatomical brain (MNI-152 template), spatial smoothing with FWHM of 4.25 mm (SUSAN; Smith and Brady, 1997) , high pass filtering at 0.008 Hz, and rescaling to a 10,000 unit global median.
Statistical analysis
Selection of covariates
We tested bivariate associations between usage groups (NU, EXP, REP) and our primary variables of interest (cannabis age of onset, total cannabis use) and participant demographics and characteristics as reported in Tables 1 and 2 . For associations with categorical usage groups (NU, EXP, REP), statistical testing utilized Welch's unequal variance t-test (continuous variables), Mann-Whitney U (substance use measures), or Fisher's exact test (categorical variables). For bivariate associations with continuous cannabis use measures (cannabis age of onset, total cannabis), statistical testing utilized Pearson correlation (continuous variables) and Welch's unequal variance t-test (categorical variables). Any measures that had a significant or trending association (p < .10, uncorrected) to cannabis age of onset or total cannabis use and/or distinguished usage groups (Tables 1 and 2 ) were used as covariates in behavior and neuroimaging analysis according to the procedures outlined below.
Based on this covariate testing procedure, for cannabis age of onset analyses, highest level of education, total cigarette use, cigarette use within the last year, other drug use, and cannabis group (EXP/REP) were used as covariates (covariate set A). For total cannabis use analysis, highest level of education, family income, cannabis age of onset (see below), cannabis use within the last year, total alcohol use, total cigarette use, cigarette use within the last year, and other drug used were used as covariates (covariate set B). One subject (cannabis age of onset ¼ 12.33, REP) was missing highest level of education data and was therefore not included in covariate models with this measure. See Supplemental Table 1 :4 for significance of covariates in primary cannabis age of onset and total cannabis use analyses. For comparison between usage groups (NU, EXP, REP), total alcohol use, alcohol use within the last year, total cigarette use, and cigarette use within the last year were used as covariates (covariate set C). Of note, the NU group contained a small proportion of men (2 out of 15). Therefore, instead of model adjustment, secondary analyses were run including only women when comparing NU, REP, and EXP. Additionally, given the MHCPD assessment of prenatal exposure, which has been associated with IQ and WM (Day et al., 1994; Goldschmidt et al., 2008; Richardson et al., 2002) , secondary analyses were also run with prenatal cannabis, alcohol, and cigarette exposure as covariates and moderators when examining both cannabis age of onset and total cannabis use (Supplemental Fig. S2 ). Furthermore, based on the reviewed literature (cf., Ehrenreich et al., 1999 ) and the differences in cannabis age of onset between EXP and REP (Table 1) , we performed secondary analysis examining cannabis age of onset associations in the REP group while covarying total cannabis use. Finally, one subject (cannabis age of onset ¼ 13.75, REP) reported use of a drug other than cannabis, alcohol, or cigarettes during the year prior to testing (recreational use of opioid pain medication). The pattern of significant results was unchanged when excluding this subject.
WM behavior
Primary behavioral analysis was performed in R 3.1.2 (Team, 2014) . Mixed-effects models (lme4 package; Bates et al., 2013) were used to examine main effects and interactions between task conditions and categorical (NU, EXP, REP) and continuous (age of onset, total cannabis use) cannabis measures. Accuracy data were analyzed using a generalized-linear mixed-effects model with a logit link function since trial level data were binomially distributed (correct vs. incorrect). Trials with omission errors (4.02% of all trials) were excluded from the accuracy analysis, where omissions were not counted toward the trial count (see Supplemental Tables 5 and 6 for omission error analysis). Reaction time data were log transformed to reduce heteroscedasticity of residuals and analyzed using a linear mixed-effects model including only correct trials. Both linear-and generalized-linear mixed-effects models were estimated with maximum likelihood. Random intercepts were estimated for each subject. Task conditions (load, delay length, cue validity), cannabis measures, and covariates were included as fixed effects in two phases: a baseline model, with only the task conditions and cannabis measure in question, and a full model with all potential confounding variables as covariates (see Tables 1 and 2) . Significance values for fixed effects were obtained through the car package (chi-square test; Fox et al., 2016) . Simple effects were obtained through the lsmeans package (Lenth and Herv e, 2015) . Potential influential observations were examined using Cook's distance and dfbetas (both cutoffs >1) on mean performance measures. No subjects exceeded these thresholds.
WM fMRI
All imaging analysis was performed with Analysis and Visualization of Functional Neuroimages (AFNI, Bethesda, MD) software (Cox, 1996) . In order to estimate the BOLD response at both the trial-and WM epoch-level (cue, delay, target), two level-1 GLM analyses were run for every subject using AFNI's 3dDeconvolve tool.
GLM-1. To estimate the average HRF response to the task, trial time courses for correct, incorrect, and partial trials were modeled using TENT basis functions spanning 28 s with 15 time steps. Due to the temporal properties of the HRF, conditions with different durations were modeled separately (1500 ms and 6000 ms delay trials). Six rigid-body head motion parameters and their derivatives, as well as run-wise 0 through 3rd order polynomials, were used as nuisance regressors. The current and preceding TR were censored if the Euclidean norm head motion distance surpassed 0.9 mm. This choice of censoring threshold was guided by work examining motion outliers in task-based fMRI (Siegel et al., 2014) .
GLM-2.
To estimate the HRF to individual epochs of the task, a second model was run with individual regressors for cue, delay, and target epochs. Relevant partial trials were included as examples of the epoch in question to aid in epoch-specific HRF estimation. Cue epochs were modeled with a 1500 ms boxcar convolved with a gamma function (AFNI's block 4) and scaled to have an amplitude of 1. Delay epochs were modeled with a single regressor composed of a 1500 ms (short delay trials) or 6000 ms (long delay trials) boxcar convolved with a gamma function. Target epochs were modeled using constant and parametric terms, each convolved with a gamma function. For each trial, reaction time determined the width of the constant term and the height of the parametric term (Grinband et al., 2008) . The constant term was scaled to have an amplitude of 1. The same nuisance regressors and motion censoring were used as in GLM-1. Comparison of a reconstructed time series from GLM-2 and the observed time series of GLM-1 (Supplemental Fig. S3 ) suggested the epoch-based analysis of GLM-2 adequately captured primary amplitude components of the piecewise time series in GLM-1.
Voxelwise testing. In order to detect potential subtle differences in the shape of the HRF as a function of cannabis measures, omnibus group effects were examined on correct trial time courses (GLM -1), entered into a voxel-wise multivariate model (3dMVM; Chen et al., 2015) . TR (15 time points) and condition (1500 ms/6000 ms delay trials) were entered as within-subject effects and cannabis measures (age of onset or total use) were entered as between-subject effects. An interaction term between TR and the cannabis measure was used to identify voxels whose correct, trial-wise HRF significantly varied as a function of age of onset or total use. Importantly, this analysis was blind to the direction of the effect (F-test) and epoch amplitudes, such that differences as a function of a cannabis measure in any epoch could contribute to a trial-wise difference. Voxelwise testing was masked to only include voxels with a 50% or greater probability of being grey matter in the MNI-152 template and full EPI coverage in all subjects across all runs. Voxels were further constrained such that each had a main effect of TR (F-test), suggesting activation to the WM task significantly differed (positively or negatively) from baseline. Results were corrected for multiple comparisons using the intersection of voxelwise FDR correction (q < .05) and cluster size within the voxelwise space as defined above. Cluster size thresholds were determined through a Monte Carlo simulation using AFNI's 3dClustSim program with mean spatial autocorrelation parameters estimated from GLM-1 residuals. This analysis specified that 16 or more contiguous (faces touching) voxels with a single voxel threshold of p ¼ .0018 (q < .05) for cannabis age of onset and p ¼ .0023 (q < .05) for total cannabis use were required to achieve corrected, cluster-level alphas of less than .05.
Epoch testing. Post-hoc comparisons (using GLM-2) and brain-behavior analysis were performed on the mean activation within clusters with a significant cannabis by TR interaction (as defined above in GLM-1) for cue, delay, and target epochs. Significance values were Bonferroni corrected across epochs within each cluster. Covariates (Tables 1 and 2) were utilized in the same procedure as behavioral analysis (baseline and full models). Brain-behavior analyses were performed on mean performance measures (mean of log reaction time and mean accuracy). Reaction time models used linear regression. Accuracy models used beta regression in order to reduce the impact of mean accuracy distribution ceiling (Cribari-Neto and Zeileis, 2009) . For all epoch testing, potential influential observations were removed if Cook's distance or dfbetas exceeded 1 in either the post-hoc epoch or brain-behavior model. This never resulted in more than 2 subjects being removed.
Mediation analysis. To examine whether differences in activation could account for behavioral differences, mediation analysis was performed on epoch amplitudes that had significant, corrected associations to 1) cannabis measures and 2) WM performance (while covarying the cannabis measure). Significance values for indirect effects were obtained using 5000 draws in a bootstrap procedure (mediation package; Tingley et al., 2014) . (Fig. 2) . Importantly, this relationship 
Results
WM behavior in cannabis users
B. Tervo-Clemmens et al. NeuroImage 169 (2018) 496-509 remained significant after adjusting for prenatal measures (full model þ prenatal cannabis exposure: χ 2 (1) ¼ 9.62, t ¼ -3.10, p ¼ .002
Interactions between cannabis age of onset and total cannabis use
Within the REP group, significant interactions were not observed between cannabis age of onset and total cannabis use for WM accuracy 
Cannabis use in the last year
Cannabis use in the last year did not moderate the effects of cannabis age of onset or total cannabis use nor was it a significant predictor of WM accuracy or WM RT (Supplemental Fig. S4 ).
Group differences in WM behavior
To examine whether cannabis use effects generalized to potential group differences with non-user participants (NU), we first compared a categorical model of cannabis use (EXP þ REP) to NU (Fig. 3 ). There was a trend for cannabis users to have higher accuracy than NU (baseline: 
Cannabis use and WM fMRI
Session-wise motion (mean Euclidean norm) was not associated with cannabis age of onset (r ¼ .087, p ¼ .511) or total cannabis use (log, r ¼ -.226, p ¼ .131) and did not differ between usage groups (p's > .5). Fig. 3 . Performance Differences in Usage Groups. NU, non-user; EXP, cannabis experimenters; REP, repeated cannabis users. N.S., Non-significant, þ p < .10, *p < .05. Visualized estimates are from intercept only baseline models. There was a trend (baseline: z ¼ 1.95, p ¼ .052) for a combined cannabis group (EXP þ REP) to have higher WM accuracy than subjects that reported not using cannabis (NU). Additionally, a combined cannabis group (EXP þ REP) had significantly lower RT (baseline: t ¼ -2.34, p ¼ .019). In contrast, usage groups (REP vs. EXP) did not significantly differ on WM accuracy (baseline: z ¼ -1.19, p ¼ .237) or RT (baseline: t ¼ 0.36 p ¼ .719).
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NeuroImage 169 (2018) 496-509 Likewise, the number of censored volumes was not associated with cannabis age of onset (r ¼ .124, p ¼ .339) or total cannabis use (log, r ¼ -.160, p ¼ .287) and did not differ between usage groups (p's > .5). Robust, trail-wise BOLD activation was observed in canonical working memory regions during the task (Supplemental Fig. S4 ). Omnibus testing of the HRF time series revealed activation differences as a function of cannabis age of onset in the posterior parietal cortex (PPC) and the posterior cingulate (Table 3) . When considering total cannabis use, omnibus activation differences were observed in bilateral DLPFC and the inferior frontal gyrus (Table 3) .
WM epochs
Epoch specific comparisons revealed a significant (after Bonferonni correction) positive relationship between cue (encoding) epoch activation and cannabis age of onset in the PPC (cluster A), where those who began using earlier had reduced activation (standardized regression coefficient (β ¼ .428, t (56) ¼ 3.55, p ¼ .002, corrected; Table 4 ; Fig. 4 (Table 5 ).
Brain-behavior relationships
Based on behavioral results, brain-behavior analyses were limited to RT for age of onset clusters, and accuracy for total use clusters. A significant (corrected) negative relationship was observed between cue epoch activation and RT (controlling for cannabis age of onset) in the PPC (cluster A), where those who had greater activation had faster RT's (β ¼ -.358, t (55) ¼ -2.75, p ¼ .024, corrected) ( Fig. 6A; Table 4 ). Mediation analysis revealed that partialing out the variance of PPC (A) cue epoch activation significantly attenuated the relationship between cannabis age of onset and RT (baseline: average indirect pathway, β ¼ -.153, 95% C.I., -.307: -.043, p ¼ .003; full model (covariate set A): β ¼ -.140, 95% C.I., -.342: -.008, p ¼ .029) (Fig. 6B) . PPC cue epoch BOLD was also associated with WM RT in the REP group while covarying total cannabis use (β ¼ -.459, t (42) ¼ -3.01, p ¼ .010, corrected) where mediation was also significant (average indirect pathway, β ¼ -.189, 95% C.I., -.415: -.026, p ¼ .017) (Fig. 6B) .
In contrast, delay period R-DLPFC activation, which was positively associated with increased total cannabis use (Table 5) , displayed a trend towards a negative relationship with accuracy (Odds Ratio (O.R.) ¼ .978, z ¼ -2.16, p ¼ .032, uncorrected, p ¼ .093, corrected) (Fig. 6C) . This relationship remained when including cannabis age of onset as a covariate (O.R. ¼ .983, z ¼ -2.09, p ¼ .037, corrected, p ¼ .110, corrected).
Group differences in fMRI
As in the behavioral analysis, we examined whether the epochspecific brain-behavior BOLD relationships within user groups (EXP, REP) generalized to differences with non-user (NU) participants. For PPC (A) cue BOLD activation (Fig. 7A) Note. þ p < .10, *p < .05., **p < .01 (corrected); C p < .05 with full model covariates (set A); p p < .05 with full model þ prenatal measures. Epoch means and standard deviations of clusters with an omnibus cannabis age of onset effect. β, standardized regression coefficients for cannabis age of onset and reaction time (mean of log reaction time). Significant and trending effects (p < .10, corrected) are bolded. 
Combined, the lack of consistent differences between user groups (EXP, REP) and NU suggest the observed brain-behavior relationships in PPC and DLPFC within cannabis groups were distinct from performance differences in NU.
Discussion
In this study, we aimed to identify brain processes that underlie the association between adolescent cannabis use and adult working memory (WM) performance. Results indicated that early cannabis age of onset was associated with slower reaction times and this relationship was mediated by reduced BOLD activation of right posterior parietal cortex (PPC) during stimulus encoding. Independently of age of onset, higher levels of total cannabis use were associated with greater delay period DLPFC activation and a trend towards lower WM accuracy. Nevertheless, within this sample, cannabis users either had better WM performance or did not differ from non-user participants and no additive effects of cannabis age of onset and total cannabis use were observed, providing evidence against cognitive deficits induced by adolescent cannabis use.
Cannabis age of onset
Our results indicating differential engagement of posterior parietal cortex in those with earlier age of onset cannabis during a spatial WM task are consistent with a prior study using a verbal WM task (Becker et al., 2010) , supporting the hypothesis that cannabis age of onset is associated with BOLD activation in developmentally sensitive regions. In addition, our study was able to further specify that association between cannabis age of onset and parietal activation are particularly evident during encoding processes of WM and that encoding PPC activation NeuroImage 169 (2018) 496-509 mediated the relationship between cannabis age of onset and working memory reaction time. Therefore, for the first time, we demonstrate brain-behavior relationships between cannabis age of onset and WM performance, adding specificity to the role of posterior parietal cortex activation in the association between adolescent cannabis age of onset, executive subprocesses, and WM performance. Interestingly, cannabis age of onset associations with WM reaction time and PPC encoding BOLD activation did not differ between users who only reported an age of onset (EXP) and those who reported repeated use (REP). Furthermore, within the REP group, cannabis age of onset behavior associations were not moderated by total cannabis use and total cannabis use was not associated with WM reaction time or PPC encoding BOLD activation. Combined, these results suggest that, in the present high-risk cohort, cannabis age of onset associations were relatively independent of the severity of cannabis use. Accordingly, our results appear inconsistent with a developmentally timed cannabis exposure effect, which would predict cannabis age of onset effects to be dose-dependent. From this perspective, the observed cannabis age of onset associations may reflect pre-onset characteristics that predict both brain-behavior development and substance use initiation.
Based on the brain-behavior associations of cannabis age of onset, cognitive processing speed, or the efficiency in which information is integrated in complex cognitive tasks, may serve as mechanism for preonset characteristics distinguishing early and late cannabis users. Supporting this idea, cannabis age of onset was a significant predictor of working memory reaction time, but not working memory accuracy. Age of onset and reaction time associations were significantly greater in low load trials, where individual differences are likely less influenced by working memory representation. Further, we observed performancerelated differences in BOLD activation as a function of age of onset during the cue (encoding) epoch in the PPC. Individual differences in WM encoding may be more sensitive to how quickly the stimulus can be perceived, processed, and stored. Supporting this, previous research has demonstrated that BOLD activation in the parietal cortex (Takeuchi et al., 2012) and structural integrity of white matter tracks between parietal and frontal cortices (superior longitudinal fasciculus; Turken et al., 2008) are involved in cognitive processing speed. An additional explanation for the observed brain-behavior assocations may be that cannabis age of onset is associated with individual differences in visual attention, which has been shown to modulate WM RT (Awh and Jonides, 2001 ) and PPC BOLD activation (Corbetta et al., 2000) .
Contrary to our hypothesis, we did not find significant activation differences as a function of cannabis age of onset in DLPFC. This is consistent with previous work examining cannabis age of onset during a WM task in adults (cf., Becker et al., 2010) . Previous work has shown DLPFC activation differences may be moderated by WM accuracy differences between groups (cf., Van Snellenberg et al., 2006) . Accordingly, we may have not observed activation differences in DLPFC as cannabis age of onset was not associated with WM accuracy. This idea is supported by the association between total cannabis use and DLPFC activation (see 4.2). Another possibility is that WM maintenance and manpulation processes associated with DLPFC (cf., Veltman et al., 2003; D'Esposito et al., 1999) are not associated with cannabis age of onset.
Together, our results suggest that WM performance in early-onset cannabis users is particularly associated with processing speed or visual attention subserved by the integrity of PPC function. However, prospective, longitudinal studies are needed to test possible pre-cannabis use limitations in PPC that may contribute to WM differences and predict cannabis onset.
Total cannabis use
Greater total cannabis use was associated with a trend toward lower working memory accuracy, providing some support for the hypothesis that cumulative cannabis use is associated with lower cognitive performance. Behavioral differences were accompanied by increased activation in bilateral DLPFC during multiple WM epochs. Given developmental patterns and network properties of CB 1 receptors in the DLPFC (cf., Eggan et al., 2009 ), activation differences may reflect long-term changes in task-evoked activity. Greater delay period activation in right DLPFC was associated with higher levels of total cannabis use and a corrected trend towards lower WM accuracy. That higher levels of total cannabis use were associated with greater DLPFC BOLD is consistent with previous work suggesting compensatory-like DLPFC activation in groups with poorer executive function performance (Van Snellenberg et al., 2016; Ordaz et al., 2013) . Furthermore, our results are consistent with recent work demonstrating that DLPFC activation is positively associated with cannabis use frequency and negatively associated with WM performance (Taurisano et al., 2016) . We extend this previous result by demonstrating brain-behavior relationships that are specific to the WM delay period. Given the associations between total cannabis use and WM accuracy and delay period activation, our result appears more consistent with WM representational differences, as opposed to the processing speed effects of cannabis age of onset. However, total cannabis use WM accuracy differences were no longer significant while adjusting for prenatal cannabis exposure and we did not find evidence supporting a brain-behavior mediation model. Therefore, it is difficult to conclude whether these results represent neurocognitive deficits or pre-cannabis use cognitive differences and whether the identified circuits fully explain behavioral effects.
Cannabis users and non-users
Despite the specificity in brain-behavior relationships demonstrated for cannabis age of onset and total cannabis use, there was little evidence for general cannabis use differences in WM in the group comparisons. In particular, the cannabis group who only reported initiation, but no other use (EXP), had higher WM accuracy than non-users (NU), which is consistent with a recent large cross-sectional study of cannabis use and neurocognitive performance (Scott et al., 2017) . Given the likelihood of very low cannabis use in the EXP group (recall a specific amount of cannabis use could not be established in the EXP group, as EXP only reported an age of initiation) its possible group differences between EXP and NU reflect alternative mechanisms that either precede or are independent of cannabis initiation. Again, however, prospective longitudinal studies are needed to better test this hypothesis.
Given the high-risk population of the study, it is possible group differences between NU and EXP reflect unique characteristics of substance use risk, rather than substance use itself. To this end, previous work has suggested executive function deficits in cannabis users compared to nonusers in more normative samples, without high-risk characteristics (Pope and Yurgelun-Todd, 1996; Meier et al., 2012; Ehrenreich et al., 1999 ) (see Crean et al., 2011 for a review). Within our high-risk cohort, most participants endorsed some level of cannabis use during adolescence. Accordingly, the participants who did not endorse cannabis use at any time point (NU) may have unique cognitive characteristics that both protect against cannabis use during adolescence and predict differential WM performance in adulthood. One possibility is anxiety and behavioral inhibition, which have been shown to predict poorer visuospatial WM performance (Shackman et al., 2006) and in social contexts may be protective against substance use involvement during adolescence (Myers et al., 2003) . Given the exclusion criteria for the current study included meeting criteria for a mental health disorder, the associations between cannabis use, WM, and anxiety, would have to function at subclinical levels. Accordingly, future research with dimensional assessments may examine anxiety as a moderating factor in cognitive differences between cannabis users and non-users in high-risk cohorts.
Another explanation for the observed WM differences between EXP and NU could be gender, as the NU group was mostly women (13 out of 15). Although we attempted to account for the specific discrepancy of male to female ratios among our groups by performing secondary behavior analysis with only the women from each group, future work with larger sample sizes of male and female users and non-users is justified.
In sum, the reasons for worse performance in the non-user group (compared to the cannabis group) remain unclear. The present study was designed to examine age-of-onset and cannabis severity brain-behavior associations within cannabis groups and not the precipitating factors and features associated with cannabis abstinence in high-risk cohorts, limiting our ability to make stronger conclusions. Further work is needed to determine whether this result replicates to other cohorts and whether more subtle, dimensional features of high-risk cohorts might explain group differences.
Limitations
This study was designed to take advantage of the unique aspects of the population sample, including the prospective longitudinal assessment of cannabis use and prenatal cannabis exposure. We also utilized an approach to characterize specific epochs of the WM task to better identify which cognitive processes may be associated with age of onset and total cannabis use. However, several limitations should also be noted. First, this study utilized a high-risk prospective cohort sample with varying degrees of cannabis use throughout adolescence and adulthood. Accordingly, participants were not excluded from the study based on previous cannabis use, unless they had a positive urine screen on the day of testing or reported recreational drug use in the past week. In our analyses examining the REP group, in which fifteen subjects reported cannabis use in the last year, we covaried cannabis use within the last year. However, future investigations with larger samples should further investigate associations between cannabis use history, recent cannabis use, and neurocognitive function. An additional limitation of the study was the binary threshold (positive/negative) for the urine screen. Future work may utilize drug screening procedures that provide a more dimensional biological measure of recent cannabis use and examine whether this moderates cannabis age of onset and cumulative cannabis use WM associations. Finally, although cannabis use was prospectively assessed (cohort years 14-, 16-, 22-, 28-years-old), the interview only asked about the previous year. Usage in the intervening years was not measured. Accordingly, two participants who reported the same use at an assessment year (e.g., age 28) could have varied in their usage in the years between other assessment phases. Future work with prospective longitudinal assessment should incorporate more frequent assessments of cannabis use in order to better estimate total cannabis use trajectories. Despite these limitations, the current project highlights the value in examining associations between cannabis use and cognitive function in adults with longitudinal cannabis use history and prenatal substance exposure assessments.
Conclusion
Our results support evidence suggesting that reported early cannabis use in the adolescent period is associated with individual differences in the parietal cortex in adulthood. We extend this line of inquiry by providing evidence that cannabis age of onset may be specifically associated with information processing speed and stimulus encoding. However, this pattern of results was evident in both those who reported a onetime use and those with repeated use, suggesting these effects may represent pre-onset substance use risk characteristics rather than cannabis exposure effects. In contrast, our results suggested total cannabis use may be specifically associated with processes underlying the ability to maintain information in WM through the DLPFC, independent of cannabis age of onset. Together with previous reports, our data help refine distinct neurocognitive phenotypes of adolescent cannabis use. However, this model necessitates future testing within prospective studies where neuroimaging and cognitive assessment are performed prior to cannabis use onset.
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